It is widely accepted that structural defects in rotating machinery components (e.g., bearing and gears) can be detected through monitoring of vibration and/or sound emissions. Traditional diagnostic vibration analysis attempts to match spectral lines with a priori known defect frequencies that are characteristic of the affected machinery components.
INTRODUCTION
It is widely accepted that structural defects in rotating machinery components (e.g., bearing and gears) can be detected through monitoring of vibration and/or sound emissions. Traditional diagnostic vibration analysis attempts to match spectral lines with a priori known defect frequencies that are characteristic of the affected machinery components. Short-term Fourier transforms, and related time-frequency and time-scale techniques, are often used to detect non-stationary component failure signatures, which often result from the presence of a localized defect (e.g., bearing pitting or gear tooth fracture). The fact that typical component defects are localized spatially and have characteristic defect frequencies makes it possible to associate particular vibration patterns with specific machinery components.
One of the major difficulties in machinery diagnostics is the problem of sorting through the enormous number of frequency lines present in vibration spectra to extract useful information associated with the health of a particular component. This is true even when phase-synchronous resampling of time-series vibration signals is performed to reduce the "smearing" of the frequency lines due to fluctuations in machine speed. Vibrational spectra in mechanical systems often contain bewildering mixtures of extraneous frequencies that provide little or no pertinent diagnostic information about the health of the machine. In rotating machinery applications, component characteristic defect frequencies generally occur as sideband modulations around the component carrier frequency (or harmonics thereof). In addition to such intra-component modulations, there are also inter-component modulations, such as a bearing defect modulating a gearmesh fundamental frequency and its harmonics. Disturbances due to localized component defects cause wideband impulses to be generated periodically at the characteristic defect frequency. These impulses, in turn, excite the component and its supporting structure, producing short-lived ringing signals of random amplitude. The strongest defect frequency is generally the one closest to the ringing mode. Since there is no reliable way of predicting the ringing modes of a component and its supporting structures, many potential defect frequencies must be monitored. Additionally, which ringing mode is dominant may depend on defect severity. The amplitude at the characteristic defect frequency often has such a low signal-to-noise ratio (SNR) that it will go unnoticed [1] .
Power spectral analysis has long been applied to characterize and interpret vibrational signatures emanating from faults. However, this second-order technique has the serious drawback of discarding all phase information, which makes it virtually impossible to identify sets of signals that are phasecoupled. Higher-order statistics (HOS) and spectra furnish an effective and versatile mathematical approach for extracting information about such phase coupling. In particular, higher-order cumulants, and their associated Fourier transforms, known as polyspectra, exploit phase information. Such is not true of second-order statistics (SOS) (i.e., the correlation function, which is the second-order cumulant).
Since third-and higher-order cumulants vanish for purely Gaussian processes (such as the vibration spectra for defect-free gears and bearings), higher-order methods have the potential to increase the SNR in a large class of mechanical fault detection applications, such as those described herein. For example, the vibration of a normal bearing is Gaussian distributed [1] . The biggest drawback to the practical use of HOS is that such methods require longer data sequences than do SOS-based techniques in order to reduce the variance associated with the cumulant estimates. This is generally not a significant problem in machinery monitoring applications, however, because the rate at which faults develop is typically much slower than the rate at which relevant data can be acquired and analyzed.
For machinery monitoring applications, HOS enable the analyst to discover phase-coupling effects among two or more spectral components of a process [1, 2] . The simplest type of such interaction is quadratic phase coupling between two frequency components, which is manifested by the presence of additional tones in the power spectrum at their sum and difference frequencies. It is noted, however, that the presence of sum and difference frequencies is a necessary, but not sufficient, condition for quadratic phase coupling. True phase coupling can be detected in the third-order cumulant sequence or, in the frequency domain, via the bispectrum (the polyspectrum associated with the third-order cumulant). As is shown below, the bispectrum furnishes a valuable means of detecting and characterizing nonlinear coupling effects in machinery [2] .
In this paper, we introduce a technique for implementing bispectral analysis for use in machinery monitoring applications. Using phase-synchronous data, we illustrate how statistical change detection (SCD) in the bispectral domain can effectively detect and isolate faults in bearings and gears without reliance on substantial amounts of a priori data. With the SCD approach, we assume that the signal changes to be detected are manifested by the appearance of energy at certain a priori-known frequency pairs in the bispectral domain.
\ This assumption is supported strongly both by the theory of defect- 
QUICKEST DETECTION IN THE BISPECTRAL DOMAIN
In a recent paper [4] , the authors derived a bispectrum-based quickest change detector, which was an extension of the analogous quickest detector based on the power spectrum. The power spectrum and bispectrum are defined respectively as are computed. The expectation operator, (, signifies an average over several such blocks.
The power spectrum, 3 I , is a function of only one frequency; the bispectrum, %I I , on the other hand, is a function of two independent frequencies. ] It is noted, moreover, that the bispectrum, unlike the power spectrum, is complex-valued. Although the power spectrum can, for example, have tonal components at I , I , and I I , the bispectrum is nonvanishing if and only if there is quadratic phase coupling among these frequencies.
Eqs. (1) point to a means of generalizing the radiometric approach [5] that has been developed and applied in the second-order spectral domain to the bispectral domain. In problems of bearing and gear vibration monitoring [1, 2] , the bispectrum has been shown to have zero mean under normal operating conditions, but non-zero mean in the presence of a defect. A natural approach to fault detection, therefore, is to test for a shift in the mean of %I I at particular frequency combinations.
In this sense, the problem is very similar to the problem of detecting narrowband spectral energy, ] Strictly speaking, the bispectrum involves coupling among three frequencies, I I and I K I I.
which involves testing for a statistically significant increase in 3 I . By analogy, it is reasonable to monitor for an increase in M%I I M. To compute time-varying estimates of 3 I or %I I during the actual course of machinery operation, the ensemble averages in Eqs. (1) An alternative approach is simply to extend SCD formulae that have been developed and applied in the spectral case to the bispectral domain. In the spectral domain, SCD techniques are less powerful than the model-based approach, and the same can generally be expected to be true in the bispectral case (once a statistical model for the distributional behavior of ; N I ; N I ; A N I I is developed).
However, the SCD approach should nonetheless be effective in detecting the appearance of significant bispectral energy at I I
In particular, the detection statistic
was considered in [4] . Eq. (2) was obtained by replacing variances, and , in the spectral case with E and E , which respectively denote the pre-and post-change values of the bispectrum (i.e., E % pre-change and E % post-change ). It is noted that 7 opt is a function of I I , as well as the time, N.
The time, N, moreover, represents a relatively long time scale (various stages in the operating life of the machine), since long time spans are needed to compute averages over many Fourier windows.
Since E reflects the behavior of the machine under normal operating conditions, it can be interpreted as a known quantity (or one that can be estimated readily). However, E is generally not known in advance. It may be assumed, however, that E is only slightly larger in modulus than E , in which case 6 the appropriate detection statistic, in analogy with the spectral case [5] , is the locally optimum one:
Note that this detector depends only on E . The threshold can be determined experimentally to control the mean time between false alarms.
A potential concern about this methodology might be that it is too intensive computationally to be used in on-line applications. There are a few points that ameliorate this problem: (1) the ever-increasing computational throughput of digital signal processors; (2) the use of low-frequency vibrations (e.g., gearmesh fundamental and associated lower sidebands only) allows relatively low-frequency sampling to be used, reducing computational requirements; (3) the already limited (and further limitable) set of bispectral frequency pairs I I corresponding to characteristic defect frequencies at which the bispectrum is computed; and (4) the generally slow onset of failures, which often permits non-real-time computation to be used (e.g., collect data, process data, collect data, etc.).
Another issue concerning the bispectrum-based fault detection algorithm is its sensitivity to changes in absolute vibration level, such as occur with changes in operating (e.g., flight) regime. To address this concern, the bispectrum was normalized to obtain the magnitude-squared bicoherence function 
The bicoherence function is expected to be less sensitive to changes in vibration amplitude across varying operating regimes (e.g., torque levels). For example, Fig. 1 , which is based on actual CH-46E
helicopter data, illustrates the insensitivity to torque of the bicoherence function compared with the modulus of the bispectrum, M%I I M. In each graph, the abscissa represents the torque level (load on the gearbox), whereas the ordinate represents the averaged and normalized [ bispectral signal values.
The bicoherence exhibits no trend with respect to torque, whereas the bispectrum modulus declines dramatically with increasing torque.
[ The largest averages computed using pI I and M%I IM, respectively, were scaled to unity, and other averages were scaled proportionally. 
where p represents the pre-change value of pI I .
APPLICATION TO CH-47D DATA
A practical test of the performance of the 7 CR statistic in fault diagnostics was conducted using nonseeded fault data from a CH-47D helicopter transmission in which a spiral bevel input pinion gear exhibits a classic tooth bending fatigue failure as a result of test cell overloading. The transmission was nominally fault-free at the start of the test. The data available consisted of two accelerometer recordings made simultaneously on the external gearbox housing (only one of which was used in the analyses herein), and a once-per-revolution tachometer signal corresponding to the shaft on which the gear that develops the tooth defect was mounted. The data were digitized at a sampling rate of 121,212
Hz and were available for 30-sec. of each minute over a total testing period of 23 min.
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To correct for variations in shaft speed for the gear of interest, the original CH-47D time-series data were resampled to achieve phase-synchronous samples (see, e.g., [6, 7] ). The resampled signal contained 310 samples per shaft revolution; since the spiral bevel input pinion shaft had 31 teeth, this corresponds to 10 samples per gear tooth. In computing the bicoherence function, Fourier windows covering 32 shaft revolutions (for a total of @ = 9,920 samples) were used to compute the ; N I 's in Eqs. (1) and (4). The half-minute data segments contained an average of 184 Fourier windows, which were ensemble averaged to obtain the bicoherence values used to compute the 7 CR statistics. To produce the bicoherence estimates, I was held fixed at I gearmesh , and I was swept from 0 to I gearmesh . The 7 CR results are displayed in Fig. 2 , which plots time on one abscissa and I on the other.
An end-on view of Fig. 2 (viewing the frequency axis end on) is provided in Fig. 3 . There are two noteworthy results in these figures:
1. In Fig. 2 , the large deviation from baseline, indicating a fault, is detectable approximately at time 16 min. This corroborates well with the findings of a post-failure metallurgical analysis that was performed, which suggests that a gear-tooth microcrack initiated at about 12 min. into the test.
2. In Fig. 3 , which has twice the resolution on the frequency axis as Fig. 2 (i.e., every 16th rather than every 32nd spectral line is plotted), we see that the increase in the values of 7 CR occur only at frequencies that are integer multiples of I shaft , i.e., every other frequency line, which means that bispectral energy resides largely in the gearmesh sidebands (whose spacing is equal to I shaft ). each test condition at a given torque level. Ten channels of data were recorded, which included eight accelerometers, a tachometer signal (which was fitted in place of the blade fold drive motor and provided 256 pulses-per-revolution with a once-per-revolution signal superimposed on it), and one sinusoidal reference tone.
As with the CH-47D data, the original CH-46E data were resampled to achieve phase-synchronous samples for each component of interest. In the case of the collector gear, for example, we utilized 32 samples/tooth, which, since the gear had 74 teeth, yields 2,368 samples/rev. In the case of the helical idler gear the numbers were 32 samples/tooth, for a gear with 72 teeth, yielding 2,304 samples/rev. A Fourier window 32 shaft revolutions long was employed in these analyses, as in the CH-47D analysis.
Each data file contained 29 Fourier windows, which were ensemble averaged to obtain the bicoherence values.
Since each of the files of the Westland dataset represents a distinct fault or no-fault case, it is not possible to demonstrate fault detection via the % +4 statistic. This is because the no-fault, pre-change background noise level will not be useful in the fault cases, since the transmission was disassembled between data collection episodes. This reemphasizes the need to establish, on-line, a background noise floor, p , as indicated in Eq. (5).
Therefore, for purposes of demonstrating fault isolation at the component level on the Westland dataset, we used the average value of the power function in the denominator of Eq. (4), i.e., the quantity (>M; I ; I M @ ( >M; I M @, across the characteristic defect frequencies. This power function was computed for the no-fault data file and for three different fault data files, namely: (1) collector gear crack propagation, (2) helical idler gear crack propagation, and (3) spiral bevel input pinion inner-race bearing defect. For each of the three faults and the no-fault case, results were compiled for torque levels of 70%, 80%, and 100% (the only torque settings that were available in all four cases). associated with a particular fault scenario. The three histograms in the left column of Fig. 5 were generated with I set equal to the collector gearmesh frequency and I to harmonics of the collector gear revolution frequency. The vibration data used in these twelve runs were based on accelerometer #7, which was spatially closest in the gearbox to the collector gear. The center column of histograms was generated using the corresponding I I combinations associated with the helical idler gear. For these runs, accelerometer #3 was used since it was the one closest to the gear in question. The third column of histograms shows the results of the power function applied to a case involving a bearing fault. In particular, this was a spiral bevel input pinion bearing with an inner-race defect.
Accelerometer #3 was monitored in this case as in the helical idler gear fault. For this bearing fault, 1 was set equal to the bearing shaft frequency, and 1 was set equal to 1 res . From a diagnostics viewpoint, bearings are different from gears. For example, they have more characteristic frequencies, and the rolling elements internally have an appreciable amount of "slip" freedom. The extent of sliding motion, for example, depends on torque level, shaft speed, and lubrication. Hence, the defect frequencies (e.g., inner or outer ball-pass frequency) that are actually observed are not as rigidly linked to the shaft frequency as they are in gear defects.
The important result from Fig. 5 is that in all cases, the type of fault that actually occurred is identified correctly; i.e., the power function corresponding to the actual defect (frequencies) is always the largest. This demonstrates that faults can be isolated successfully at the component level with this approach.
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CONCLUSIONS
The investigations that were presented are based on the notion that changes in bearing and gear health are manifested by the appearance of energy at certain identifiable frequency pairs in the bispectral domain. Through proper selection of these pairs, one can discriminate among different potential fault sources to pinpoint the faulted component. Research in this direction is motivated by the interest in monitoring machinery components (e.g., bearings and gears) for structural failures. Bispectral-based diagnostic techniques were introduced and tested on two different helicopter transmissions. The results are promising and demonstrate the feasibility of bispectrum-based statistics for machinery monitoring applications. Bispectral information is especially useful because the requirement of phase coupling among particular frequency combinations greatly reduces the overwhelming clutter of frequency lines in the power spectrum. Moreover, such coupling is most pronounced in the presence of machinery faults, not under normal operating conditions. The bicoherence function reduces the variation in the bispectrum across different torque levels and loads. Restricting attention to certain frequency pairs facilitates isolation of effects (e.g., sideband tones) that are related to the defect frequencies of given components.
Important attributes of the bispectral SCD approach include: (1) it does not require a priori training data as is needed for traditional pattern-classifier-based approaches (and thereby avoids the significant time and cost investments necessary to obtain such data); (2) being based on higher-order moment-based energy detection, it requires few "simplifying" assumptions; (3) it is operating-regime independent (i.e., works across different operating conditions, flight regimes, torque levels, etc. without knowledge of same); (4) it can be used to isolate faults to the level of specific machinery components (e.g., bearings and gears); and (5) it can be implemented using relatively inexpensive computer hardware, since only low-frequency vibrations need to be processed. It thus represents a general methodology for the automated analysis of rotating machinery.
